The steadily increasing amount of newly generated omics data of various types from 45 genomics to metabolomics is a chance and a challenge to systems biology. To fully use its 46 potential, one key is the meaningful integration of different types of omics. We here 47 105 106 RESULTS 107 108
guided Network Integration (CoNI), to integrate multi-omics data into a hypergraph 49 structure that allows for identification of effective regulators. Our approach further unravels 50 single transcripts mapped to specific densely connected metabolic sub-graphs or 51 pathways. By applying our method on transcriptomics and metabolomics data from murine 52 livers under standard chow or high-fat-diet, we isolated eleven genes with a regulatory 53 effect on hepatic metabolism. Subsequent in vitro and ex vivo experiments in human liver 54 cells and human obtained liver biopsies validated seven candidates including INHBE and 55 COBLL1, to alter lipid metabolism and to correlate with diabetes related traits such as 56 overweight, hepatic fat content and insulin resistance (HOMA-IR). 57
INTRODUCTION 58
In the era of systems biology and multi-omics high throughput data generation, there is an 59 unmet need for effective, versatile and straightforward tools and approaches to compare 60 and integrate large and complex data sets built on a plurality of different genetic classifiers 61 and types of biomolecules with complex inter-and intra-regulatory connections [1, 2] . In 62 particular, for capturing genetic mechanisms associated with metabolic disorders, which 63 typically affect multiple layers of biological regulations, effective tools are needed to further 64 deepen our understanding on the control of metabolism. Current integration approaches to 65 interrogate complex metabolic networks [3] are largely built on integrating genetic 66 information via associative approaches or via utilizing additional prior knowledge. These 67 attempts to integrate multi-omics data combine metabolic profiles with genetic information, 68
i.e. genetic variants or direct correlations of transcripts with metabolites [4, 5] , use prior 69 knowledge to map genes and enzymes on metabolic pathways [6] [7] [8] or create 70 deterministic models that abstract enzymatic reactions in metabolic pathways using gene 71 or enzyme levels as rate-limiting denominators [9] [10] [11] . 72 However, at current such attempts to integrate genetic information into metabolic networks 73 lack a suitable underlying model that reflects the relations between single metabolites 74 driven via regulatory genes directly or indirectly affecting enzymatic reactions in metabolic 75 pathways. A further limiting factor is that metabolome methods typically only capture a few 76 hundred to thousand different metabolites of estimated more than 40,000 metabolites [12] , 77 which dramatically limits the use of prior knowledge. Accordingly, novel approaches to 78 reveal distinct regulatory genes are warranted. 79
One area where sophisticated multi-omics data integration could be particularly useful is 80 the study of hepatic steatosis, a pathological state of the liver that is characterized by 81 excess fat accumulation due to impaired lipid metabolism [13] . Understanding the 82 molecular mechanisms that drive the accumulation of lipids in the liver under perturbed 83 metabolic homeostasis could be key to new targets for early diagnosis and treatment of 84 hepatic steatosis. 85
In this study, we present a novel statistical method for correlation-based network 86 integration (CoNI) of generic character and conceivable for multiple approaches. We 87 applied CoNI to murine liver metabolome and transcriptome data to unravel previously 88 hidden gene-metabolite interactions that exert major changes to hepatic metabolite levels 89 under normal dietary conditions and under obesogenic stress. These CoNI analyses 90 generated two independent networks for chow-fed lean vs. high fat diet (HFD) fed obese 91 mice, each mirroring the respective genetic-metabolic interactome. Both networks were 92 then integrated and compared based on local network properties, differential expression 93 patterns and the presence of single-nucleotide polymorphisms (SNPs) associated with 94 obesity and type 2 diabetes in humans. Based on these criteria, eleven genes were 95 considered as most promising candidates with likely metabolic relevance, and subjected to 96 validation by siRNA knockdown in vitro and transcriptional profiling of human liver biopsies 97 ex vivo. Of those eleven candidate genes, seven had significant effects on cellular 98 metabolite levels and/or were correlated with hepatic triglyceride levels, BMI or insulin 99 resistance in human liver specimens. Among these, four had already been linked to 100 hepatic lipid metabolism, whereas three have not been described in the context of high-fat 101 diet feeding, hepatosteatosis, obesity and/or diabetes. Overall, these data demonstrate 102 that our novel CoNI framework is a fully data-driven, flexible and versatile tool for multiple 103 omics data integration and gives way to a meaningful interpretation. 104
The CoNI framework utilizes correlations and partial correlations to combine two types of 110 omics data (driver data, linked data), thereby generating a hypergraph where edges are 111 formed by the driver data specifying the impact onto the interaction of the linked data. 112
Here, CoNI was applied to integrate hepatic transcriptome (driver) data with hepatic 113 metabolome (linked) data from chow-fed lean and HFD-fed obese mice. CoNI is built on 114 the general concept ( Figure 1 ) that Pearson correlations are calculated for each pair of 115 metabolites followed by removing the linear effect of each gene on this correlation by 116 calculating the partial correlation coefficient. For K genes and M metabolites, we thus 117 generate K MxM matrices containing the partial correlation coefficients. Next, an adapted 118 Steiger test [14] is applied to compute the impact of each gene on the metabolite 119 correlation, thereby generating K adjacency matrices, one for each gene. From these 120 adjacency matrices, edges significantly connecting nodes with a p-value below a 121 predefined alpha (p < 0.05) are selected and assembled in form of an integrated graph 122
where the nodes refer to the metabolite pairs and the edges to the controlling genes. A 123 gene can thereby be mapped to multiple edges, and edges may consist of multiple genes. 124
Finally, this network assembly is used to identify local regulator genes (LRGs), i.e. genes 125 (D13331, Research Diets) for 22 weeks, respectively. Exposure to the high-caloric diet 136 resulted in a significantly higher body weight (BW, Chow 33.5 g ± 1.6 g; HFD 49.2 g ± 4.5 137 g, p < 0.0001, mean ± SD) ( Figure 2A ). Two mice from the HFD cohort with body weights 138 comparably lower to those of the other HFD-fed mice (BW at week 22: 37.5 g and 33.3 g) 139
were excluded from all further analyses. HFD-fed obese mice showed increased plasma 140 triglyceride and cholesterol levels ( Figure 2B ,C), were hyperinsulinemic ( Figure 2D) and 141 had increased hepatic triglyceride (TAG) stores ( Figure 2E , Table 1 ) compared to chow-fed 142 lean controls. 143
Next, hepatic metabolism was analyzed by transcriptional and metabolic profiling using 144
Affymetrix Microarrays and the AbsoluteIDQ TM p180 Kit resulting in a total of 10,159 genes 145 ( Figure 2F ) expressed in all mouse livers and a total of 175 detected metabolites ( Figure  146 2G, Table S1 ) split into seven classes: 40 acylcarnitines (AC), 76 phosphatidylcholines 147 (PC), 14 lyso-phosphatidylcholines (LPC), 12 sphingomyelins (SM), 12 biogenic amines 148 (BA), 20 amino acids (AA) and 1 hexose (H). In total, we identified 989 genes as 149 significantly differentially expressed between chow and HFD from which 501 were up-150 regulated on HFD and 488 down-regulated, respectively ( Figure S1A , Table S2 ). 151
Functional enrichment analyses based on Gene Ontology (GO) of the up-and down-152 regulated genes revealed numerous metabolic and in particular lipid-related processes 153 ( Figure S1B , Table S2 ). The most significantly regulated genes were Cyp2b9, which is 154 involved in hepatic lipid homeostasis [15], and Ces2a, which controls a hepatic lipid 155 network dysregulated in obese humans and mice [16] . 156
We also identified 91 metabolites as significantly altered by diet from which 55 were up-157 regulated on HFD and 36 were down-regulated ( Figure S1C , Table S1 ). The most 158 prominently regulated metabolite classes were the SM (67% regulated), followed by PC 159 (64%) and the AC (45%). Principal component analyses (PCA) identified diet as the main 160 contributor to explain variance in gene expression ( Figure 2H ) as well as the main driver of 161 metabolite variance ( Figure 2I ). 162 163
Correlation maps of diet-altered metabolites 164
To further investigate diet-induced changes on liver metabolism, we generated two diet-165 dependent correlation maps by calculating the pairwise Pearson correlation coefficients 166 ( Figure 3A ). For both diets, we observe a slight negative-skew of the correlation coefficient 167 distribution, which was also observed by others [17] ( Figure S2A ). We identified 2,488 168 significantly correlated metabolite pairs for chow and 2,322 for HFD with a p < 0.05 (non 169 adjusted), 923 were identified in both diets ( Figure 3B ). Furthermore, 1,023 (non-adjusted) 170 metabolite pairs were identified that showed a significant change in their correlation from 171 chow to HFD, indicating that the administered diet substantially alters the hepatic 172
metabolism. 173
We deepened our investigations and analyzed class composition of the correlated 174 metabolite pairs ( Figure 3C ). The metabolite class with the maximum change in correlated 175 pairs was SM (Jaccard Index = 0.12). In contrast, AA mainly maintain their correlations 176 (Jaccard Index = 0.76) indicating that amino acids interact independent of dietary 177 conditions. Between classes we generally observed a substantial change in correlations 178 between chow and HFD with Jaccard indices between 0.01 (PC -BA) and 0.71 (H -AC). 179
We further observed a striking difference between AC and PC with the highest absolute 180 changes in metabolite regulation, which was previously reported in a circadian manner 185 over multiple tissues [18] . 186 187
Estimating genetic impact on metabolic networks 188
We next assessed the genetic impact on the metabolite network formed under each 189 dietary condition by integrating gene expression and metabolite concentration profiles with 190 our CoNI approach. Two independent networks for chow and HFD were generated ( Figure  191 3D, E), constructed of 485 triplets (gene and metabolite pairs) for the chow and 1,058 192 triplets for the HFD set (Table S3 ). Of the 175 metabolites used for the analysis 133 were 193 connected in the chow ( Figure 3D ) and 164 metabolites in the HFD network ( Figure 3E ), 194 respectively. Of the connected metabolites, we found 127 in both networks ( Figure 3F ). We 195 next analyzed the numbers of genes forming the edges between the metabolite pairs, and 196 found 166 different genes in the chow network, 319 genes in the HFD network, and only 197 five genes in both networks ( Figure 3G ). When comparing pairs of connected metabolites, 198 67 were identical in both diets, 340 were only connected in the chow and 655 only in the 199 HFD network ( Figure 3H ). Node degree distributions of both networks showed consistent 200 higher degrees for HFD compared to chow diet ( Figure S3A ), which was also observed 201 when comparing the node degrees for the specific metabolite classes ( Figure S3B ). In 202 contrast to the elevated but similar distribution of node degrees within the HFD network, 203 the chow network shows a trend towards increased node degrees for PC and LPC 204 compared to the other metabolite classes. A striking characteristic of the inferred networks 205 is that both tend to be organized in communities ( Figure S4A, B ), or densely connected 206 sub-networks, which mainly refer to metabolite classes but are partly reorganized on 207 dietary change ( Figure S4C ). This reorganization was also observed in further network 208 characteristics such as the shortest path length ( Figure S5 ). 209 Analogous to this, the genes connecting metabolite pairs in the two inferred networks 210 massively changed depending on dietary conditions ( Figure 3G ). Only five genes are 211 present in edges of both graphs (Gm4553, Hnrnpm, Tap1, Xpo7, Eya3) from which Tap1 212 was the only one differentially expressed between HFD and chow diet ( Figure S6) . 213
Comparing the number of genes that map to single edges, we observed that most (85.75% 214 in chow, 65.93% in HFD) edges consist of a single gene and the maximum number of 215 genes per edge was six in chow and five in HFD ( Figure 3I , Table S3 ). The distribution of 216 individual genes over the edges ( Figure 3J ) showed that most genes appeared in five or 217 less edges. The highest distribution of a single gene in both networks was found for 218
Nop16, appearing in 113 of 407 edges in the chow and Cobll1, appearing in 25 of 722 219 edges in the HFD network. 220
To further classify the genes found in both networks a functional enrichment analysis 221 using KEGG pathways and GO biological processes was performed (Table S3 ). For the 222 chow network, we did not identify informative categories for the individual genes. However, 223 the individual genes of the HFD network were identified to be enriched in the KEGG 224 categories 'glycerolipid metabolism' and 'non-alcoholic fatty liver disease' (NAFLD). This 225 finding confirms that our CoNI approach was reflecting the metabolic phenotype of the 226 HFD group as the mice showed elevated TAG levels in the liver ( Figure 2E ), a hallmark of 227 fatty liver disease. 228 229
Effective network genes 230
Our primary motivation of integrating transcriptional data into a metabolic network was to 231 identify differences in the genetic programs that control hepatic metabolism under healthy 232 conditions vs. acute hepatic steatosis. Thus, we defined local regulator genes (LRGs) as 233 genes significantly enriched within a local sub-graph (see methods), thereby controlling a 234 densely connected metabolic sub-network. This resulted in 20 identified LRGs in the chow 235 and 59 in the HFD network, with no overlap (Table S3 ). From these 79 LRGs eight were 236 differentially expressed, one from the chow network (Ddx3x) and seven from the HFD 237 network, namely Myc, Arhgap24, Smim13, Rapgef4, Cd82, Inhbe, and Gk ( Figure 4A -H, 238 S7, prominently associated with SNPs were Appl2 ( Figure 4I ), which mediates insulin 245 signaling, endosomal trafficking, adiponectin and other signaling pathways [20] and Cobll1 246 ( Figure 4J ), which was strongly associated with several obesity and type 2 diabetes 247 related markers [21, 22] . We further found the differentially expressed LRG Inhbe, a 248 hepatokine which was recently linked to insulin resistance in human livers [23] . For all 249 selected LRGs, the regulated metabolites show substantial differences between chow and 250
To test for interrelation of the selected LRGs we next combined the isolated metabolite-252 gene sub-networks and obtained three interconnected sub-graphs for HFD and one for 253 chow ( Figure 4K ). The largest interconnected sub-graph of the HFD network contained 254 mostly PC and was controlled by six genes. In contrast, the HFD network derived LRGs 255 Smim13 and Rapgef4 included BA, PC, LPC and AC metabolites, but were interconnected 256 mainly by an overlapping mixture of AA. The third HFD sub-network was under the control 257 of the LRG Inhbe and contained only AC. 258 259
Network genes are regulators of human hepatic metabolism 260
To assess the translational relevance of these findings derived from our novel CoNI 261 methodology, we selected eleven candidate genes for validation in humans. Ten genes 262
were locally enriched in one of the networks (LRGs), eight of these showed differential 263 expression between diets, three were associated with human obesity-related SNPs, and 264 one non-LRG (Tap1) was differentially expressed and present in both networks (Table 2  265 and SI). 266
The eleven candidate genes were quantified by qPCR analyses for hepatic mRNA 267 expression levels in liver biopsies of 170 patients. Expression levels were then correlated 268 with liver fat content and BMI. Anthropometrics and metabolic characteristics of these 269 subjects, which covered a wide range of hepatic triglyceride content, are shown in Tables 270 S5A, B. Associations of hepatic mRNA levels with insulin resistance (HOMA-IR) were 271 additionally analyzed for a subgroup of 77 subjects where fasting blood samples were 272 available. Significant associations of gene expression and metabolic traits were found for 273 five of the eleven genes ( Figure 5A -K, Table 3 ). GK, INHBE, TAP1 and MYC were 274 associated with BMI ( Figure 5A Finally, to test whether the expression of our candidate genes had an impact on cellular 279 metabolite levels, we selected 5 representative genes to perform siRNA mediated knock-280 down (KD) experiments followed by metabolic profiling using the AbsoluteIDQ TM p180 Kit 281 in HepG2 cells (Table S1 ). All five specific siRNAs significantly reduced target mRNA 282 levels compared to a Non-Target-siRNA ( Figure 5L ). Subsequently, differences in 283 metabolite concentrations for the specific siRNA KD samples were compared against their 284 respective control sample using a one way ANOVA followed by Storey's multiple testing 285 correction [24] . For four of the five genes, namely COBLL1, GK, RAPGEF4 and INHBE, 286 we found between 2 and 58 metabolites to be significantly altered by siRNA mediated KD 287 ( Figure 5M -P). Overall, these data in HepG2 cells confirm a regulatory effect of the 288 respective genes on the metabolic network, as predicted. 289
In summary, for seven of the eleven selected genes we could validate functional 290 associations of human or murine hepatic transcript levels with parameters ranging from 291 clinical obesity or insulin resistance in humans to changes in cellular metabolite levels. Inferring complex interactions of different types of biomolecules on multiple levels is a 299 primary subject of systems biology. A steady increase in the generation of various omics 300 data and the growing use of open science platforms and data repositories leads to a 301 wealth of data that warrants further in-depth exploration. However, effective tools, 302 especially for the integration of multi-omics data, are urgently needed to fully utilize this 303 data gold mine. We here present the novel, fully unsupervised and data-driven method 304
CoNI that allows for the integration of different omics data types based on a combined 305 correlation approach followed by the construction of integrated hypergraphs. We 306 successfully applied CoNI on two independent integration approaches. Primarily, we 307 successfully integrated unpublished transcriptomics and metabolomics data from murine 308 and human livers. Additionally, proteomics data combined with lipidomics from murine 309 lungs were integrated to reconstruct known and potentially novel protein lipid interactions 310 under clean air and smoking conditions (SI) [25, 26] . Thus, we postulate that our method is 311 a versatile framework that can be applied to various data integration problems, not only 312 including further omics data, but also including also non-biological applications that aim to 313 investigate a regulatory effect on network interactions. 314
Our new CoNI approach was able to uncover previously hidden and undescribed 315 regulatory genes from liver metabolomics and transcriptomics data of chow-and HFD-fed 316 mice that presumably play an important role in the development of liver steatosis in diet-317 induced obesity. By defining LRGs, we selected genes with a specific impact on a local 318 sub-graph within the estimated networks. From the 79 LRGs identified, none was found to 319 be present in both networks, illustrating that the genetic control of metabolic networks is 320 widely altered by diet. Of note, only one of the genes selected for validation was among 321 the 100 most significantly regulated genes between chow and HFD. Thus, the genes 322 identified here would likely have been remained undiscovered by traditional approaches of 323 analyzing RNA data alone. For five of the eleven further selected genes we found 324 significant associations between human hepatic mRNA expression and major clinical 325
features of metabolism, such as body weight, liver fat content and/or insulin resistance. 326
Finally, with KD experiments in human HepG2 cells we could confirm four genes to 327 significantly impact cellular metabolism. Taken together, seven of the eleven predicted 328 genes could be experimentally validated. The protein-coding gene Cobll1 had not been 329 described in the context of HFD feeding, obesity and/or diabetes, but genetic variants of 330 this gene are linked with type 2 diabetes related phenotypes. Here, we confirmed that 331
Cobll1 expression alters metabolite regulation in liver cells. Additionally, the SNP 332 associated putative hepatokine Inhbe was positively confirmed in all performed validation 333 experiments. This is in line with previous reports identifying Inhbe as diet-responsive gene 334 in the rodent liver, regulated by HFD feeding, fasting or re-feeding [27] [28] [29] . Recently, 335 Sugiyama et al. [23] demonstrated that the siRNA-mediated knockdown of Inhbe in obese 336 insulin resistant Lep db mice decreased fat mass and respiratory quotient thus suggesting 337 enhanced whole-body fat utilization. We here link Inhbe to the regulation of AC, which are 338 also known to interfere with hepatic insulin sensitivity [30, 31] . These two examples 339 underline that the here presented method is a useful approach to successful integrate 340 transcriptional data into metabolic networks to ultimately facilitate the identification of 341 regulatory gene candidates of hepatic steatosis in mouse and humans. It can be used to 342 integrate various types of multi-dimensional omics data and makes them available to 343 useful holistic analyses in various fields of health research and beyond. 344 345 METHODS 346
Ethics Statement 347
In vivo experiments were performed without blinding of the investigators. All studies were 348 Precellys24 homogenizer (PeqLab Biotechnology, Erlangen, Germany) thrice for 20s at 377 5,500 rpm and 4°C, with 30 s pause intervals to ensure constant temperature, followed by 378 centrifugation at 4°C and 10,000 x g for 5 min. Subsequently, 10 µL of the supernatants 379 were used for metabolite quantification. methanol/water mixture as described previously [33] . Cells were homogenized using the 388 Precellys24 homogenizer twice for 25 s at 5,500 rpm and 0-3°C, with 5s pause intervals in 389 between. Subsequently, the samples were centrifuged at 4°C and 10,000 x g for 5 min and 390 20 µL of the supernatants were used for the metabolite quantification. Each target specific 391 siRNA and the Non-target control was transfected and measured in six biological 392 replicates. 393
RNA extraction and qPCR in HepG2 cells. RNA was extracted from HepG2 cells after 394
siRNA KD using the NucleoSpin RNA isolation kit (Macherey-Nagel, Düren, Germany). 395
Equal amounts of RNA were reverse transcribed to cDNA using the QuantiTect Reverse 396
Transcription kit (Qiagen, Hilden, Germany). Gene expression was analyzed using 397
TaqMan probes for APPL2 (Hs01565861_m1), COBLL1 (Hs01117513_m1), GK 398 al. [37] . Characteristics are shown in Table S5A for the whole group and in Table S5B for 459 the subgroup with fasting plasma samples. All patients tested negative for viral hepatitis 460 and had no liver cirrhosis. Only samples from normal, non-diseased tissue, judged by an 461 experienced pathologist, were used. Informed, written consent was obtained from all 462 participants, and the Ethics Committee of the University of Tübingen approved the protocol 463 into cDNA by using a first-strand cDNA kit, and PCRs were performed in duplicates on a 478
LightCycler480 (Roche Diagnostics, Mannheim, Germany). The human primer sequences 479 that were used are shown in Table S6 . Data are presented relative to the housekeeping 480 gene Rps13 using the Δ -Δ Ct method. 481
Quantification of blood parameters. Plasma insulin was determined on the ADVIA 482 Centaur XPT chemiluminometric immunoassay system. Fasting plasma glucose 483 concentrations were measured using the ADVIA XPT Clinical chemistry analyzer (both 484
Siemens Healthineers, Eschborn, Germany). 485 486
Data availability: 487
The microarray data has been submitted to the GEO database at NCBI (GSE137923: 488 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc). All other data generated or analyzed 489 during this study are available within the paper and its supplementary information file. 490
Human data is not made available at the patient level due to data protection regulation. defined to differ significantly with respect to their concentration. For the downstream 500 analysis the log2-transformed metabolite concentrations were scaled using the square root 501 of the standard deviation as scaling factor (Pareto scaling) [40] . 502
Differential gene expression analysis of murine liver samples. After log2-503 transformation, the R package limma [41] (Linear model for microarray data) was applied 504 to infer differential expression between the two diet groups. We defined all genes with 505
Benjamini-Hochberg corrected p-value less than 0.05 to be significantly deregulated. 506
Human data analyses. Data that were not normally distributed (Shapiro-Wilk W-test) were 507 logarithmically transformed. Univariate associations between parameters were tested 508 using Pearson correlation analyses. To adjust the effects of covariates and identify 509 independent relationships, multivariate linear regression analyses were used. The 510 statistical software package JMP 14.0 (SAS Institute, Cary, NC) was used. 511
Correlation analyses. For each metabolite pair M i and M j given M, i = 1,…,n, j = 1,…,n, 512 i≠j, with n metabolites the Pearson correlation coefficients were obtained with R package 513 combination was denoted as triplet in the following. Steiger's test [14] was adapted to 538 select triplets, where the partial correlation coefficient differed significantly from the 539 correlation coefficient of the respective metabolite pair. The original test assesses the 540 significance for the difference between two correlation coefficients that have one variable 541 in common. The significance depends on the intercorrelation between the two variables 542 that are not shared, which has to be provided as additional parameter. To be able to use 543 this test and compare a partial correlation coefficient and a correlation coefficient, the test 544 was applied twice. The provided, additional parameter was in the first test the correlation 545 between M i and Gk and in the second test the correlation between Mj and Gk. To be 546 selected, the triplet had to significantly reject the null-hypothesis (Bonferroni adjusted p-547 value < 0.05), stating that the correlation coefficients did not differ in both tests. The 548 method cocor.dep.groups.overlap of R's cocor package [42] was used to perform the 549 testing. 550
3) Undirected graph construction and clustering. Next, an un-directed and weighted 551 graph was generated where nodes are formed by metabolites and genes set up the edges. 552
Edges were drawn if a metabolite pair correlated and this correlation was significantly 553
influenced by at least one gene. Several genes can connect more than two correlating 554 metabolites and a pair of metabolites might also be connected by more than one gene. 555
The number of genes connecting the two respective metabolite nodes determines the 556 edge weight. 557
Local regulator genes (LRGs). Starting from each node in the network, the appearance 558 of each gene in all edges connecting nodes with a distance <= two was counted. Statistical 559 significance was estimated using a binomial distribution test. P-values were Bonferroni 560 corrected for multiple testing and genes with adjusted p-value < 0.05 were defined as 561
LRGs. 562
Communities. To find densely connected sub-graphs in the graph, the fast greedy 563 modularity optimization algorithm [46] 
